Abstract. Automatic estimation of the amount of trash, such as branches and leaves
Introduction
In Florida, the usage of mechanical citrus harvesting systems has been increased during the past several years. One of the harvesters commonly used by growers is a canopy shake and catch harvester. The tines of the harvester shake up the canopy of the tree and the fruit that falls onto a catch frame is fed to the harvester's conveyer belt and then transported to trucks following the harvester. The main problem with this method is that along with the fruit, trash objects such as leaves and twigs are also shaken off the tree and have to be separated from the fruit at a later stage. The leaves and twigs might be diseased, which makes safely disposing the trash difficult and laborious due to concerns of the disease being spread to other locations. The design of an automatic system to measure the amount of trash collected by the harvester is presented in this paper.
Machine vision techniques using shape, color, texture, reflectance and other features have been used for disease detection, yield mapping, and many other applications, since the concept was first used for fruit identification in 1968 (Schertz and Brown) . Sunflower yield mapping using multi-spectral imaging and a neural network classifier (Gutiérrez et al., 2008) , detection and classification of Phalaenops seedling diseases using a combination of color and texture (Huang, 2007) , identification of diseases in citrus using a combination of color and texture (Pydipati et al., 2006) are among the many studies conducted to move toward intelligent farming using machine vision. Drummond et al. (1999) have used a vector method to combine GPS data into a geographic information system and use it as a measure of harvested time per unit area. Dettmar et al. (1996) have demonstrated the use of neural networks to classify orange juice based products. Perez et al. (2000) used color and shape information to separate weeds from background and cereal crop using "near-ground" imaging. Chinchuluun et al. (2007) reported a citrus yield mapping system that used machine vision to count the number of fruits and estimate fruit quality using a hardware set up very similar to the one reported in this research.
Disease detection using images is a very important application of machine vision. This is a safer practice than manually handling diseased vegetation. Cheng et al. (2006) have used contour features to detect external defects in rice grains. Pydipati et al. (2005) reported the use of color co-occurrence matrix to distinguish the diseased leaves from the normal leaves.
The objective of this research was to develop and test an automatic system for trash estimation during harvesting for a citrus canopy shake and catch harvester. The leaves and twigs of the citrus trees need to be safely disposed so that the disease is contained within the grove and is not spread to other areas. If the trash is taken to the processing plants along with the fruit, then the leaves and the twigs have to be manually separated and burnt to avoid contaminating citrus trees at other locations. This is a cost overhead that can be avoided by disposing trash within the grove. Containing diseases locally and preventing spread of diseases to other areas is an important environmental concern. This method of trash disposal is environment friendly as it prevents spread of disease to other areas and eliminates the need to burn leaves and twigs as well.
This paper presents the results of the research to develop a hardware and software system that estimates the weight of the leaves and twigs collected with the fruit during harvesting. This paper is organized into the following sections: (i) materials and methods -describing the design of the hardware system and the software algorithm for identifying fruit and trash, and estimating the weight from images, (ii) geo-mapping of the data -using the stored GPS coordinates, a map is created to show georeferenced distribution the trash material in the grove, and (iii) conclusions and insight gained from this study.
Materials and methods

Hardware system design
The machine vision system for detecting trash (Fig. 1 ) had a pair of Firewire color cameras (IMC-11FT, Imi Technology, Seoul, Korea) and three halogen lamps (MR-16, Master Line Plus 50W GU5.3 12V 38D, Phillips Electronics) installed inside a camera box, which was mounted on top of the conveyor system of the harvester, a data acquisition box and a DGPS receiver (AgGPS 132, Trimble Inc.). The camera box was made of a thin sheet metal and its size was 0.99 m x 0.41 m x 0.51 m.
The data acquisition box (0.38 m x 0.25 m x 0.58 m) was made of reinforced plastic with 0.4 cm thickness, and contained a laptop computer (CF-51, Panasonic, Secaucus, NJ) which controlled the camera and the GPS receiver, and an external hard drive (My book, Western Digital, Lake Forest, CA) which stored the images. The cameras were set to acquire an image every second, with a shutter speed of 25.5 ms, brightness of 700, and pixel resolution of 640 x 480. The images were stored as bitmaps. 
Software design
A real-time application to control the GPS unit and interface with the camera drivers was developed. The application was written in C++ using Microsoft Visual Studio (v6.0) and used the Microsoft Foundation Class (MFC) Application Programming Interfaces (APIs) to interface with the operating system. The application controlled the rate of capturing images and recording GPS coordinates, and also stored the images on the external hard drive along with the GPS coordinates. The application also provided an interface to change the camera settings such as brightness, sharpness exposure, and shutter speed.
The program started by prompting the user to change the camera settings. Once the user pressed the on-screen start button, the system started acquiring an image every second from each camera, and simultaneously recorded the GPS coordinates. The camera drivers converted the RAW data to bitmap format and the program saved the file in the external hard drive. The GPS coordinates were written into a file along with the image number for later retrieval.
Field experiment
The trash detection system was taken to a commercial citrus grove (Lykes Grove) located in Ft. Basinger, Florida and installed on a citrus canopy shake and catch harvester (Freedom Series 3220, OXBO, International Corp., Clear Lake, WI), a day before field testing. The system was tested during a normal harvesting operation on May 10, 2008. Over 27,000 images were acquired during harvesting.
Regression analysis
Samples of fruit, leaves and twigs were collected during the same harvesting day from several semitrailer trucks which were used to transfer the harvested fruit to a processing plant. The samples were transported to a laboratory, weighed and photographed using the same camera set up as for field testing. The weight, length and width of the fruit, leaves and twigs were measured. The images were binarized using a photo editing program (Paintshop Pro X, Corel, Fremont, CA) and manually erasing the background. From the binary images, size information of the fruit/leaf/twig objects such as area, minor axis, major axis, diameter, convex area, extent, filled area and bounding box were obtained and were used to formulate regression equations relating the physical weight to image data. The equations obtained are listed in Table 1 . Table 1 . Regression equations to map the pixel data into physical weight. 
Object identification
From every image, the fruit, leaves, twigs and the background have to be identified and separated. Color is a parameter that has been used extensively in many machine vision applications to distinguish objects. However, in this study, separation was very difficult since the background surface in the harvester was very close to the objects' color and varying intensity in lighting significantly altered the appearance (color) of an object. Moreover, the harvester conveyor belt was moving at about 2 m/s, which significantly blurred many images even though a shorter shutter speed was used. To efficiently identify and separate objects in the images, a set of 90 representative images were chosen as a calibration set to develop the classification algorithm. These images were manually altered using the photo editing program to obtain images containing only fruit, leaves or twigs. The color components of each object were taken from these images for calibration. Another set of 180 images were randomly selected as a validation set to evaluate the performance of the classification algorithm.
Histograms
Histogram is the simplest method to separate the objects based on color. Histograms of each class of objects (fruit, leaf, twig and background) were plotted and the spread of an object in color space was taken as its primary identification. A threshold color values were obtained to distinguish each object from the others. The images were converted from "red, green, and blue (RGB)" color space to "hue, saturation, and value (HSV)", "luminance, in-phase chrominance and quadrature chrominance (YIQ)" of the National Television System Committee (NTSC), and "luminance, chrominance in blue, and chrominance in red (YCbCr)" to achieve better separation.
Ideally, the objects are far enough apart in color space that the histograms give a definite and clear threshold. However, due to the color variations of the objects of the same class and the closeness in color to objects of other classes, the histograms obtained did not have a distinct threshold as shown in figure 2. However, using a combination of threshold values for the four color spaces, the leaves and fruit can be separated from the harvester background and twigs. 
Identification of fruit and leaves
Despite the lack of distinct thresholds, classification based on color components worked quite well for both fruit and leaves. A pixel was classified to be a fruit pixel based on color thresholding alone, using hue, saturation, blue and a scaled component of RGB, y = (R-B)/2 . The images were then subjected to morphological operations to remove noise and fill holes. All "objects" in these images with an area less than 40 pixels were removed as noise. Figure 3 . Example image processing steps to obtain leaf and fruit binary images: (a) original image, (b) thresholded image to get the leaf binary, (c) after using morphological operations to remove the noise pixels from the leaf binary, (d) histogram thresholding to obtain fruit binary, (e) after removing noise pixels, (f) after filling the holes in the image. The shape of the fruit (major and minor axes being less than 4 times apart) was also used to eliminate objects that were differently shaped. Finally the holes inside an object were filled to produce a final fruit binary image.
A pixel was identified as a leaf pixel using hue component of HSV and a linearly scaled component of RGB, z = (2G-R-B)/4. Objects with area less than 20 pixels were classified as noise and removed. The holes inside the objects in this image were not filled as there might be two small leaves connected to a common stalk and filling the holes might make the area of the object bigger than it actually was. The area thresholds of 40 and 20 pixels were obtained from the calibration set by manual inspection. Figure 3 shows the intermediate processing steps to obtain a fruit binary. Figure 4 shows a few sample images and the binaries obtained for them.
Alternate methods explored for classification of twigs
The twigs, however, have been the hardest to recognize. Being very small and very close in color to the background of the harvester, color thresholding was inadequate for the task at hand. Various other approaches were tried and described below.
Neural networks with one hidden layer have been explored to separate twigs from the background. The functions provided in MATLAB's Neural Network toolbox were used to build, train and simulate neural networks. An input matrix was formed using 12 color values (3 in each color space of RGB, HSV, YIQ, and YCbCr) for each pixel and used as input to the neural network. The network was trained on a set of images and then simulated. Different combinations of network type (including Elman, competitive layer, backpropagation, and feed forward), different number of neurons (varying the number of input nodes and hidden layer nodes as 1, 10, and 20) and learning functions (trainscg, trainlm, and trainbr) were tried. The number of output nodes was chosen as two, representing the two possible states of a pixel -it being a twig or not. Based on the output vector of the neural network, a binary image was created. Increasing the number of output nodes to 3 gave better results, however there was still a lot of misclassification.
Principal component analysis was also investigated. The principal components of twigs and background were extracted, however a biplot of the first three principal components (contributing over 95% of data) showed much overlap between the twig color components and background color components. The principal components were then fed to the neural network in place of the 12 input matrix. The results were not significantly better.
Another method explored was to find the "edges" in the intensity image. Sobel, Prewitt, and Canny edge detection functions of MATLAB were used. The Sobel function provided the best results. Morphological operations were then performed to remove both the biggest and the smallest "objects". The shape of the twigs (long and thin) was also used to remove misclassified pixels. It can be seen from Figure 5 that the twigs were detected by this method, but more work is needed to improve the accuracy of calculation. 
Estimating the weight of trash materials
Using the binary images obtained, the geometric size of the object in pixels (such as area, minor axis, major axis, diameter and extent) was obtained. The regression equations shown in table 1 are then applied and the weight of each object was estimated. For every image, the weight of fruit, leaves and twigs were obtained separately. The work on classifying twigs and obtaining binary images is continuing and it is hoped that better results will be available soon.
Once a pixel has been correctly classified, estimating the weight of any class of objects is fairly straightforward and accurate as can be seen from regression equations of table 1. The statistical results obtained from the 180 validation images for fruit and leaf weight are presented in Table 2 .
A very good measure to improve the accuracy of the results would be to change the color of the harvester background. Since it was very close in color to both the fruit and the twigs, and there was a lot of texture variation in the background, painting it a different color would make identification of the objects of interest viz fruit, leaves and twigs much easier. Harvesting is a very busy and time intensive operation. Harvesting continues from dawn to dusk with a very short break. It was not possible to get the painting done for this research due to time constraints. Table 2 . Statistical results of weight estimation of fruit and leaf in the 180 validation images.
Another challenge faced while identifying these images was the change in brightness caused by the openings existing in between the harvester conveyor belt which were designed to allow the trash to fall off. As these are open to the environment, they let in more light and regions of the image become white, making it difficult to distinguish what object rests there.
The results of this work have been encouraging enough to visualize a completely automated system that recognizes the size of the trash elements (leaves/twigs) and correspondingly chooses an appropriate filter size on the harvester's conveyor belt to dispose the trash in the citrus grove while the harvesting continues. This would eliminate any concerns about spreading the disease to trees outside the grove and save a lot of time and labor. But as a first step in the direction, a better and more efficient design for the trash filters could be proposed, based on the information gathered from the images.
Geo-mapping of trash weight estimates
The stored GPS coordinates were associated with the trash weight collected from every image to form a georeferenced trash distribution map. A GIS software (ArcView, ESRI, Redlands, CA) was used to create a map. Figure 6 shows the geo-referenced map created for leaf weights for the 180 validation images. A graduated color scheme is used to indicate the weights, the green being the heaviest and red dots being the lightest leaf weights. 
Conclusion
This paper presents the design of a system to automate the estimation of the weight of trash materials collected by a citrus canopy shake and catch harvester during harvesting. The hardware setup and software algorithms developed have been described. A total of 180 validation images have been analyzed and the estimated weight of the fruit and leaves was reported. Comparison of the original images of the validation set with the generated binary images shows that the leaf and fruit can be identified from the images with a high degree of accuracy. The regression equations for fruit and leaf weight estimation show a high R 2 value and therefore, estimating weight using these equations should give a very good approximation of the actual weights of the leaf and fruit.
Since the twigs are so small and close in color to the harvester background, identifying them proved very challenging. The regression equations obtained for the twigs show a relatively low value of R 2 as the density of twigs varies greatly based on water content. The results indicate that as the object size gets smaller and the color space separation reduces, identification and classification become more difficult, necessitating the combination of more than one technique for better results. It is hoped that, building on this work, a fully automated trash detection and estimation system can be built realizing the twin goals of environmental safety due to disease containment and cost saving for the processing plants.
